Typically, supplier selection constitutes one of the most important stages of supply chain management and a variety of basic and hybrid MCDM approaches have been deployed to provide this problem with well-suited solutions. This paper investigates a new novel approach for this problem based on ANP and fuzzy TOPSIS methods while it takes into account the risk factor solely regarding the decision maker's venture strategy. In addition to an ANP model that determines the effects of decision criteria, in the proposed approach, a set of 5 risk categories has been deployed to affect the decision maker's choice by normalizing the weights of risk criteria.
Introduction
Complexity of the dynamic supply chain in the information era has caused a significant impact on the supply chain management and consequently, on the supply chain risk. Harald et al. (2003) has outlined four factors as the main drivers: product/service complexity, e-business, outsourcing and globalization. The top three drivers of supply chain risk noted by Thun & Hoenig (2009) are globalization, product variants and outsourcing. In the past, risk was easier to manage because most of the manufactures sold products directly to customers, but in today's technology-mediated environment, no firm stands alone.
Supplier selection is the entry point of the supply chain process that starts from purchasing materials to delivering products to the customers. According to AMR research (2007) on risk factors, regardless of industry, supplier failure is the top issue that firms worry about. One of the main concerns of every company is to minimize disruption to its supply chain.
In literature, supplier selection has been treated as a Multiple Criteria Decision Making (MCDM) and a wide range of mathematical methods have been undertaken to provide the problems with sufficient and more accurate solutions (Boer et al., 2001; Ho et al., 2010) . Table 1 enlists and categorizes these methods. Each supplier's reliability depends on the upstream business for supplies and services while, in turn, the reliability of every one of these suppliers relies on upper level suppliers and so on. As a result, a reliability chain exists along supply chains. This means that not only the reliability of suppliers should take into account, but also, the reliability of supplier's suppliers can influence the business indirectly. In other words, today's global firms face "interdependence vulnerabilities", which means that not only must they consider about their own potential risks, but also about the vulnerabilities to their suppliers (Foroughi et al., 2006) . For example, the 1995 earthquake in Kobe, Japan, had a widespread impact on the companies such as Eli Lilly, Caterpillar, Texas Instruments, and IBM. It also affected companies like Apple Computer, who had to slow down production of PowerBook computers due to disruption of the production of display monitors in Kobe (Foroughi et al., 2006) . Robert Bosch, a German components supplier, delivered its customers with defective high pressure pumps for diesel fuel injection systems in the beginning of 2005 because of the mistake of a sub-supplier (Thun & Hoenig, 2009 Rhee et al. (2009) According to Harland et al. (2003) and Knemeyer et al. (2009) , supply chain risk, as showed in the following equation, is the probability of an event, times the business impact or the severity of that event. Risk = Probability (of an event) × Business Impact (loss) (1) Oke & Gopalakrishnan (2009) , classified risk to three categories: a) High likelihood, low impact b) Medium likelihood, moderate impact c) Low likelihood, High impact. Goankar & Viswanadham (2007) identified three broad forms of risk mentioned as deviation, disruption and disaster that conforms to those classified by Oke & Gopalakrishnan (2009) . Tang & Tomlin (2008) described two types of supply risks known as supply cost risks and supply commitment risks. They also mentioned political/social risk in the case of globalization. Harland et al. (2003) introduced eleven types of risks and six types of losses. Another classification of probabilities and impacts provided by Hallikas et al. (2004) extends categorization in Oke & Gopalakrishnan (2009) by adding extra assumptions. Table 2 illustrates the aforementioned classification by Hallikas et al. (2004) and table 3 summarizes the supplier risk factors mentioned in the literature. On the other side, fuzzy set theory, which was introduced by Zadeh (1965) to map linguistic variables to numerical variables, has emerged as a powerful mathematical tool today and has been applied in many applied researches such as (Chen, 2005; Hsiao, 2008) . We are going to deploy this theory in our model in order to propose a more applied decision making algorithm.
Reviewing ANP and Fuzzy TOPSIS methods in section 2, we are going to describe the proposed method in section 3. A simple numerical example is provided in section 4, followed by a more complex and more realistic case in section 5.
Basic Methods

ANP
Analytic network process (ANP) was developed by Thomas L. Saaty and is used for multi-criteria decision making (MCDM) problems. ANP is a general framework to deal with decision problems without making assumptions about the independence of the clusters or elements (Saaty, 1999) . A sample of an ANP model is shown in figure 1. 
Fuzzy TOPSIS
The TOPSIS (technique for order performance by similarity to ideal solution) is a solution to MCDM problem. According to this technique, the best alternative would be the one that is nearest to the positive ideal solution (PIS) and farthest from the negative ideal solution (NIS). The PIS is a solution that maximizes the benefit criteria and minimizes the cost criteria and the NIS is vice versa. This section extends TOPSIS to the fuzzy environment, which was introduced by Zadeh (1965) to map linguistic variables to numerical variables. 
Definition 2. Considering the different importance values for each criterion, the weighted normalized fuzzy decision matrix is constructed as: 
Fuzzy TOPSIS steps can be outlined as follows:
Step 1 
Step 2. Calculate the weighted normalized fuzzy decision matrix. The weighted normalized value calculated by equation (3).
Step 3. Identify the fuzzy positive ideal solution (FPIS) and the fuzzy negative ideal solution (FNIS). In this paper our criteria is risk based, so FPIS would be the minimum value and FNIS would be the maximum value.
Step 4. Calculate the distance of each alternative from FPIS and FNIS as mentioned in equations (5) and (6). Step 6. Rank alternatives according to CC j in descending order.
The Proposed Model
We have categorized risks into five groups as illustrated in table 4. There are three linguistic values hidden in this categorization known as high, medium and low. Figure 2 shows another view of risk categorization which reveals that this grouping is consists of probability or the likelihood of an event and its impact or loss as in equation (1). 
Figure 2. Risk categorization
In our proposed model, we use ANP for comparison of criteria to get the normalized weight of each risk criteria. This part takes the impact factor of the risk into consideration. Then, using a fuzzy TOPSIS approach, we rank the alternatives based on the probability issue and the calculated weights of the criteria. Fuzzy sets theory in this phase helps us to deal with uncertainty of the alternatives evaluation. Figure 3 shows the triangular fuzzy numbers used. The proposed approach is illustrated in 9 steps as follows:
Step 1: Identify the potential suppliers.
At the first step we provide a list of known potential suppliers denoted by A i where i m  ( , ,..., ) 1 2 .
Step 2: Identify the risk criteria of the specified business domain.
The risk criteria could be simply denoted by C j where j n  ( , ,..., ) 1 2 .
Step 3: Model the risk criteria as an ANP problem and define the relationships between the clusters and the elements.
Step 4. Weight the criteria using paired comparison as illustrated in ANP In this step we calculate the normalized weight of each criteria (i.e. risk factor) denoted by where j n  ( , ,..., ) 1 2 .
Step 5: Evaluate the alternatives using linguistic variables and convert the linguistic values to their equivalent triangular fuzzy numbers.
Each alternative is evaluated against all risk criterions by the decision maker(s) who merely deploy linguistic terms. Later, the linguistic evaluation results are converted to numerical terms.
Step 6 Step 8: Calculate the distance of each alternative from PIS and NIS and determine the closeness coefficient for each alternative.
Step 9: Rank the alternatives according to their closeness coefficient in a descending order.
Numerical example
In this section we are going to clarify our model using a numerical example. There are five risk factors and four alternatives in this example. The goal is to rank the alternatives based on their risks so that the supplier (alternative) with the lowest supply risk can be chosen at the end.
Step 1: There are four suppliers or alternatives known as A1, A2, A3 and A4.
Step 2: Risk criteria of the alternatives considered in this example are defined as follow:
Step 3: The ANP problem is modeled in the following network. Step 4: We have used Super Decisions software in this step to calculate the weights of the criteria. Step 5: Evaluating the alternatives using linguistic values. Then, these values have changed to their equivalent fuzzy numbers.
Step 6: Calculate the weighted decision matrix for alternatives. Step 7: Calculate the PIS and NIS. Step 9: Rank the alternatives according to their closeness coefficient in a descending order.
Rank Alternative
The results show that A4 is the best supplier with the lowest supply risk.
Conclusion remarks and suggestions
Within the previous pages of this paper we went through a discussion on a hybrid MCDM method based on ANP and Fuzzy TOPSIS to enhance previous solutions for the problem of selecting the best supplier from a set of potential alternatives based on risk factor. The proposed model takes advantage of ANP generally to determine weights and specifically to investigate impact of risk factors on each other. The results are affected by the decision maker's strategy, which in turn denotes company's appeal to decide based on loss or probability of variety of risk categories for each alternative. The final solution is obtained through a few steps based on fuzzy TOPSIS method.
The proposed method takes advantage of conformance with the company's strategy while it is solely based on the risk factor. On the other side, the required preliminary study to model each supplier's risk is a difficult process, thus it is a constraint for this method. Finally a numerical example has been proposed to investigate the properties of the proposed approach. To provide an outline for the next step and develop a more applied approach, the proposed approach could be generalized to take into account nonrisk decision making criteria with a broader set of categories and strategic factors. In addition, the proposed method also could be integrated into supply chain management and coordination applications' decision processes such as (Shemshadi et al., 2008; Soroor et al., 2009 ) and provide them with a well suited supplier selection process.
